Most studies find little to no effect of classroom computers on student achievement. We suggest that this null effect may combine positive effects of computer uses without equivalently effective alternative traditional teaching practices and negative effects of uses that substitute more effective teaching practices. Our correlated random effects models exploit within-student between-subject variation in different computer uses in the international TIMSS test. We find positive effects of using computers to look up information and negative effects of using computers to practice skills, resulting in overall null effects. Effects are smaller for low-SES students and mostly confined to developed countries. . 2010. "Teacher credentials and student achievement in high school: A cross-subject analysis with student fixed effects."
Introduction
The use of computer-based teaching methods and virtual learning technologies in the classroom has raised high expectations to improve educational achievement (e.g., Peterson, 2010; Economist, 2013) . These methods are often seen as the biggest technology shift in decades, if not in centuries, set to revolutionize the traditional teacher-centric lecturing style and to unleash the potential for improvements in teaching quality and efficiency. However, the empirical evidence on the effects of computers on student achievement has been disappointing, mostly finding no effects (Bulman and Fairlie, 2014) . This paper suggests that such null effects may be the result of a combination of using computers for activities that are more productive than traditional teaching methods, thus improving student outcomes, and using computers in ways that substitute more effective traditional practices, thus lowering student outcomes. Our evidence shows that using computers to look up ideas and information indeed improves student achievement, but using computers to practice skills reduces student achievement.
The central point in our reasoning is that there are opportunity costs of time. Every classroom minute can be used for one activity or another. Thus, if the time spent on computers is increased, it substitutes different alternative time uses. On the one hand, computers can be used for specific applications, such as exploring new ideas and information on the Internet, that do not have comparably effective alternatives in the traditional world. If these computer uses substitute less effective uses of classroom time, student learning will increase. On the other hand, computers can be used for more traditional applications, such as practicing skills, that have potentially more effective conventional teaching alternatives. If these are crowded out, student learning will decrease. Thus, the net effect of computer use depends on the specific activities that they are used for and the relative effectiveness of the activities that they crowd out. An overall null effect of computer use may be the sum of positive and negative effects.
We test this hypothesis using information on the specific uses of computers in the classroom in the Trends in International Mathematics and Science Study (TIMSS) . The 2011 TIMSS test covers the math and science achievement of over 150,000 students in 30 countries in 8 th grade and nearly 250,000 students in 53 countries in 4 th grade. In detailed background questionnaires, TIMSS surveys how often teachers in each subject have their students use computers in three distinct activities: look up ideas and information; practice skills and procedures; and (only in 8 th grade) process and analyze data. Apart from enabling an analysis of different types of computer uses, the international character of the TIMSS data allows us to test whether any effect is context-specific or generalizes to other settings.
Our identification strategy exploits the two-subject structure of the TIMSS data. It is hard to imagine a field experiment that would assign different types of computer uses randomly across classrooms, not least because of teacher resistance. But in observational data, it is not random which students and classrooms use computers. For example, the availability of computers in a school is likely related to the socioeconomic status of the neighborhood, and teachers may choose to use computers based on students' achievement levels. To avoid bias from nonrandom selection of students into specific schools or classrooms, our empirical model identifies from variation in computer use across subjects within individual students. This between-subject variation allows us to estimate within-student effects, holding subject-invariant unobserved school and student characteristics constant. We generalize between-subject models with student fixed effects that assume the same effect of computer use on student achievement in both subjects (e.g., Dee, 2005 Dee, , 2007 Lavy, 2014) to correlated random effects models with subject-specific effects (Metzler and Woessmann, 2013) , which prove empirically relevant in our setting. To address nonrandom computer choices by different teachers, we draw on the rich TIMSS background information on teachers and their teaching methods. To further rule out bias from unobserved teacher characteristics or nonrandom selection of teachers into computer use, we also identify from between-subject variation within the same teacher when restricting our 4 th -grade analysis to a sample of students taught by the same teacher in both subjects.
In line with most of the literature, on average we do not find a significant effect of computer use on student achievement. But this null effect is the combination of positive and negative effects of specific computer uses: Using computers to look up ideas and information has a positive effect, whereas using computers to practice skills and procedures has a negative effect (and using computers to process and analyze data has no effect). In 8 th grade -which is the main focus of our analysis as computer use should be mature by this stage -this pattern is evident in science but not in math. Interestingly, while finding the same pattern of opposing use-specific effects in 4 th grade, there it is strongest in math. This might indicate that the positive effect of using computers to look up ideas and information is particularly pertinent in the explorative stages of a subject matter. In terms of effect sizes, going from no to daily computer use for looking up ideas and information increases 8 th -grade science achievement by 10-13 percent of a standard deviation (depending on the included controls), but it reduces achievement by 7-11 percent of a standard deviation when used to practice skills and procedures.
Looking across countries, results are strongest among OECD countries and mostly insignificant in less developed countries. There are no systematic differences along other country dimensions such as broadband access or the size of the country, indicating that general 3 Internet familiarity and the size of the software market do not seem to be crucial. Results also do not differ systematically by gender or by individual levels of achievement or computer acquaintance, indicating that effects do not depend on individual competencies. However, effects are less pronounced for students from low socioeconomic background. The patterns suggest that results are mostly a general feature of specific computer uses. Results are also robust in the within-teacher specification that exploits that many 4 th -grade students are taught by the same teacher in math and science.
Our results can reconcile some of the diverging findings in the literature. Most studies of computer use in school find little to no effect of classroom computers on student achievement, in particular when looking at investment in computer technologies in general. 1 But there are exceptions of studies finding significant positive effects of specific computer-assisted instruction programs, 2 and in all these cases, there are indications that computers are being put to more effective uses in the sense of our framework (see Section 2.2 for details). Our result that effects of classroom computers differ by their specific uses also relate to the recent literature on computers at home which emphasizes that home computers can be put to conducive uses such as schoolwork as well as detrimental uses such as gaming or entertainment (Fairlie and London, 2012; Fairlie and Robinson, 2013) . The differential effects of computer use in school also mirror differential effects of ICT more generally, which has been found, for example, to have positive effects of increased economic growth (Czernich et al., 2011) and social interaction (Bauernschuster, Falck, and Woessmann, 2014) , but also negative effects of reduced voter turnout (Falck, Gold, and Heblich, 2014) and increased sex crime (Bhuller et al., 2013) .
Our results also have implications for policy. Recently, there has been a big push in many countries to bring computers into classrooms. Some U.S. school districts invest more than $1 billion in classroom computers and corresponding infrastructure. 3 Indeed, President Obama made technology in schools a priority of his education policy in the State of the Union Address 2014 and announced a multi-billion-dollar program to support the roll-out of technology in classrooms. 4 A similar initiative in the European Union aims to equip every school with ICT 4 equipment by 2020. 5 Our results imply that the success of any such initiative will depend on the specific uses that the extended computer exposure in the classroom will be brought to.
In what follows, Section 2 provides a conceptual framework for our analysis that also helps to conceptualize the existing literature. Section 3 introduces the TIMSS data and Section 4 our identification strategy. Sections 5 and 6 present our results in 8 th and 4 th grade, respectively. Section 7 analyzes heterogeneity by students and countries. Section 8 concludes.
Conceptual Framework and Related Literature

Conceptual Framework: Opportunity Costs of Computer-Assisted Instruction Time
Computer-assisted instruction in the classroom has been argued to further student learning in many ways, including more effective use of time, individualized instruction, better monitoring of student progress, and improved access to world-wide information (e.g., Bulman
and Fairlie, 2014). However, the net effect of any use of instruction time in school will depend on the opportunity cost of time. The marginal effect of using additional instruction time for any specific activity ultimately depends on the marginal productivity of time use in this activity relative to the marginal productivity of time use in the activity that it replaces. Consequently, there is a tradeoff between computer-assisted instruction and any traditional mode of instruction, such as teacher-centered group instruction or individual learning, that it offsets.
To fix ideas and frame the subsequent discussion, let us consider the learning process as a simple education production function (e.g., Hanushek, 2002 ) that places particular emphasis on different uses of classroom time (similar in spirit to Bulman and Fairlie, 2014) . 6 Educational achievement A of a student (student and subject subscripts omitted for expositional simplicity)
is a function f of different inputs:
where X refers to all out-of-school input factors (including individual ability, family background, and peers), S refers to the quantity and quality of material and teacher inputs in school, and T refers to different uses of classroom time. In particular, classroom time can be used in two specific modes o, and each can be put to a number of specific uses u. The two 5 modes o of time use are computer-assisted instruction c and traditional instruction t. To emphasize typical computer-based classroom uses in our model framework, the four specific uses u to which either of the modes can be put are looking up ideas and information l; practicing skills and procedures p; processing and analyzing data d; and any other use of time r.
The key feature is that classroom instruction is subject to a time budget constraint in that the sum of the different uses of classroom time cannot exceed total classroom time T . This means that any use of classroom time in one activity is subject to an opportunity cost of time, since the same unit of time cannot be used for any other classroom activity. This simple framework helps us clarify a number of stereotypical assumptions about computer use in school.
First, there may be some activities in which, starting from low use intensities, the marginal productivity of computer-assisted instruction is superior to traditional instruction. For example, the World Wide Web provides access to a wealth of information in an easily accessible way that is simply not feasible in an offline mode. Therefore, we might expect
the marginal product of using computers to look up ideas and information l is larger than the marginal product of traditional modes, for example going to libraries to look up ideas and information. If computer-based instruction substitutes traditional instruction in the same use, using classroom computers to look up ideas and information will improve student learning.
Second, in other activities, traditional teaching methods may be more effective than computer-based alternatives. For example, some argue that when it comes to practicing skills and procedures p, traditional teaching methods may have reached a high level of perfection, whereas computer-based modes may distract from the main task. Moreover, for practicing your skills, it may often be important not to use the help of other devices. Thus, if
using computers for practicing will reduce student achievement. Overall, the complementarity of computers to non-routine tasks like looking up ideas and information in the production of education by teachers and students, as well as their substitutability to routine tasks like practicing, may mirror more general ways in which computers affect the labor market (Autor, Levy, and Murnane, 2003) .
Third, there may also be activities without strong priors about the relative productivity of computer-based and traditional teaching modes. If we call these uses d,
means that a marginal change in computer use in this activity will not affect student outcomes.
For example, both computer-based and traditional instruction methods may have their advantages when it comes to processing and analyzing data, and traditional modes of data processing may often already use such devices as calculators.
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Fourth, there may be cross-effects in that computer instruction in one use substitutes traditional (or computer) instruction in another use, possibly including other uses r that do not lend themselves to computer-assisted instruction at all. In this case, any net effect is possible and the ultimate effect will depend on the relative marginal productivity of time in different modes and uses. Furthermore, as long as there are diminishing returns to time use in any specific activity, the net effect of time used in any specific mode and use may be larger at low use intensity and then decline at some stage. However, fixed setup costs may render specific modes and uses relatively ineffective throughout.
Fifth, the relative marginal productivities of time use may be specific to a subject and grade.
In particular, the positive effects of computer-based information about ideas may be more relevant in the explorative stages of a subject matter than in more mature stages. For example, while many of the concepts taught in primary-school math are still very explorative -e.g., 4 th -graders may look up geometric shapes such as the number of faces, edges, and corners of a cube on the Internet -this may not be as true for high-school math. By contrast, the subject matters taught in the different parts of high-school science may lend themselves particularly well to explorative projects that require looking up new information and ideas on the Internet.
Sixth, because the effect of any time use depends on its own productivity relative to the productivity of the time use it substitutes, any effect also depends on the overall productivity with which teaching time is used in a system. Thus, in systems where teaching time is used quite unproductively to add to students' achievement in any application -as has been shown to be the case for many developing countries (e.g., Pritchett, 2013) -the marginal effect of using computers in any use may be relatively small.
Finally, in addition to the discussed substitution effects, specific time uses may in principle also have an "income effect" in that they increase the effective overall time budget. For example, if a time use replaces otherwise ineffective disrupted classroom time, its net effect will be equal to its marginal product. The same is true if a specific computer-assisted instruction program supplements existing instruction by extending total instruction time per week. Note, however, that this additional instruction time might have more productive alternative uses.
Conceptualizing the Mixed Existing Evidence
This framework of considering the opportunity costs of time in alternative uses can help conceptualize the mixed results in the empirical literature on the effects of using computers in school so far. In fact, most of the studies with rigorous identification strategies in this literature find little or no effect of classroom computers on student learning (see Bulman and Fairlie, 7 2014, for a review). This is particularly true for studies that investigate investments in computer hardware and software in general, where some estimates even indicate negative effects (e.g., Angrist and Lavy, 2002; Goolsbee and Guryan, 2006; Leuven et al., 2007; Barrera-Osorio and Linden, 2009; Cristia et al., 2012) . But many studies of specific programs of computer-assisted instruction also basically find no effects on student outcomes (e.g., Rouse and Krueger, 2004; Campuzano et al., 2009 ). In the framework of our model, such null effects of the average application of computers in school are not unexpected if they combine positive and negative underlying effects of specific computer uses. In particular, in many schools there may be no strong mechanism driving teachers toward an optimal allocation of time use in classrooms.
But there are also exceptions of studies indicating positive effects. Barrow, Markman, and Rouse (2009) find positive effects of a popular computer-aided instruction program in three U.S. urban school districts. There are several indications that computers in this particular program may have been put to more effective uses than in general. In particular, the use of computers was clearly defined in this particular program, it explicitly covered issues of classroom management and lesson planning, the program may in fact have increased individualized instruction time, and the districts under study already had experience in using the program and wanted to be evaluated. Machin, McNally, and Silva (2007) find positive effects of additional ICT funding due to a policy change in England. Interestingly, their results indicate that the policy redirected the resources to school districts that were more efficient to begin with, suggesting a potentially more effective choice of time uses. Banerjee et al. (2007) find positive effects of the introduction of a computer-assisted learning program in urban India. In the studied program, half of the program time was additional to standard classroom instruction time so that the policy included an increase in total instruction time. In fact, based on another intervention in India, Linden (2008) shows that the same computer-assisted learning program had a negative effect when implemented in-school to substitute traditional teaching, but had a positive effect when implemented out-of-school to effectively increase the total instruction time budget. The difference in findings of all three exceptions relative to the overall literature thus can be understood within our simple model framework.
However, the key feature of this framework -the relative effectiveness of using computers in different activities -has not been empirically studied so far. The main contribution of our study is to analyze the effects of different computer use activities. In addition, we propose an identification method that allows for causal interpretation of effects of computer use in observational data and study a wide variety of countries that allow for the exploration of heterogeneity and of the external validity of results. 8
The TIMSS Data
International Data on Math and Science Achievement
To estimate the effect of classroom computer use on student achievement, we use data from the 2011 Trends in International Math and Science Study (TIMSS). TIMSS is conducted by the International Association for the Evaluation of Educational Achievement (IEA), an independent international cooperation of national research institutions and government agencies with more than 50 years of experience in international comparative testing. The TIMSS tests emerge from a cooperative venture involving all participating countries to ensure a strong curricular focus of the assessments.
In each participating country, TIMSS draws representative samples of students in 4 th grade (usually aged around 10 years) and in 8 th grade (usually aged around 14 years). The two-stage sampling design first randomly samples schools out of all schools in a country with sampling probabilities proportional to school size and then randomly samples one or more classrooms in each sampled school. 7 Our main focus is on 8 th grade because the use of classroom computers may require a certain degree of maturity, making it more effective in post-elementary school settings. While basic computer skills can be assumed for 8 th -grade students, they are a potential limitation to using computers in 4 th grade. Students in 8 th grade may also use computers in a more systematic way and be able to perform more specific tasks such as processing data from experiments in science classes. To investigate grade specificities, we also analyze the 4 th -grade sample which has the advantage of allowing us to perform within-teacher analyses because many 4 th -grade students are taught by the same teacher in both subjects.
An important feature for our identification strategy is that TIMSS measures achievement in two subjects, math and science. To ensure a clear matching between measured science achievement and current teacher and computer use information, we restrict our analysis to students in schools that teach integrated science courses, that is, students enrolled in science as a single subject taught by a single teacher. 8 This leaves out countries where students are taught science as separate subjects, usually by different teachers with different uses of classroom time (e.g., in separate biology, chemistry, physics, and geography classes, only a subset of which is usually taught in any specific grade). Our sample includes 155,948 students in 30 countries in 8 th grade and 245,482 students in 53 countries in 4 th grade. Throughout the analysis, we standardize test scores to mean 0 and standard deviation 1 in this estimation sample. 9 In standardization and estimation, students are weighted by their national sampling probability and each country receives the same weight in the total estimation.
Data on Computer Use and other Background Information
Another key for our analysis is that TIMSS administers extensive teacher background questionnaires for both math and science teachers who provide, among others, detailed information on computer use intensities in different activities. Specifically, apart from reporting whether students in their class have computers available to use during their respective math or science lessons, teachers report how often they have the students do the following computer activities during their respective math or science lessons: "look up ideas and information," "practice skills and procedures," and "process and analyze data" (the third category not being available in 4 th grade). 10 Use intensity is reported in four categories: "never or almost never," "once or twice a month," "once or twice a week," and "every or almost every day." In our main analyses, we scale computer use in each activity from 0 (no computer available) to 4 (use (almost) every day). In robustness analyses, we show that results do not depend on the linearization of the categorical information but also emerge in specifications that use different indicator variables of computer-use intensity. For direct comparability of movements within the distribution of usage intensity in different activities, we normalize use intensity in each activity to mean 0 and standard deviation 1 in the regression analyses. For comparison with the literature that does not distinguish between different computer uses, we also combine the three uses into a single index of combined computer use by adding up the separate standardized measures and normalizing the sum again. 11 Table 1 shows descriptive statistics for the different computer use measures. Among all 8 th -grade students, 32 percent have computers available in their math classrooms and 40 percent in science. Use intensities vary both between subjects and between activities. In general, computers are used more frequently in science than in math. For example, 21 percent of students use computers to look up ideas and information at least once a month in math, whereas 34 percent do so in science. The difference is less pronounced in practicing skills and procedures, where again 21 percent use computers at least once a month in math but 28 percent 10 in science. The different types of computer uses are strongly correlated within subjects, but not very strongly across subjects: within-subject correlations range from 0.91 to 0.93, between-subjects correlations from 0.26 to 0.29 (see Table A1 in the appendix). Computer availability and usage varies substantially across countries, with the highest use intensities in Australia and the lowest in Honduras (see Table A2 in the appendix). For our identification strategy, it is important that there is within-student variation in computer use across subjects.
The descriptive statistics show that this is indeed the case: On average across countries, 45 percent of students have a different intensity of computer use in math than in science to look up ideas and information, and 44 percent in the other two activities.
Apart from the computer use information, the extensive teacher background questionnaires also provide a wealth of additional subject-specific information on teachers and their teaching methods. For example, teachers report on their education, their satisfaction with the profession, their interaction with other teachers, their participation in general and computer-related professional development, their homework policies, as well as specifics of their teaching methods (see Table A3 in the appendix for details). Such comprehensive teacher information will prove useful when testing whether performance-relevant variation in computer use is associated with other teacher characteristics or chosen teaching methods. Furthermore, TIMSS provides rich subject-invariant information on students' individual and family background (including their computer use at home) from questionnaires answered by students and on their schools' background from questionnaires answered by school principals. 12
In our analysis of heterogeneity across countries, we add country-level data from additional sources. For general country characteristics such as GNP per capita and population size, we use 2010 data from the World Bank. The number of speakers of different languages comes from the Ethnologue 2013. The World Telecommunication/ICT Indicators Database, published by the U.N. agency International Telecommunication Union, provides information on the share of people using the Internet and the number of broadband Internet subscriptions per capita.
Empirical Model
The Basic Education Production Function
To estimate the effect of computer use on student achievement, we use a linearized subject-specific version of equation (1) above:
where achievement A of student i in subject s -either math m or science n -is a function of the classroom time T spent using computers c in different uses u, as well as vectors of out-of-school input factors X such as student and family background and additional school input factors S including subject-specific information on teachers and their teaching methods (see Table A3 in the appendix for a list of all background control variables). The error term has a student-specific component μ i , a teacher-specific component τ t , and a student-subject-specific component ε si .
Based on our conceptual framework, we expect the coefficients of interest β s to be specific to the respective subject s. The effect of using computers to look up ideas and information may, for example, depend on the explorative nature of the subject matter taught. Thus, computers are likely to be used differently in math than in science, and exert different effects on outcomes, because of the suitability of subject material for computer-based instruction or the different availability of software and teaching materials. 13
A large number of early studies have estimated some version of equation (2) applying OLS estimation to observational data (Bulman and Fairlie, 2014) . 14 However, the use of computers in the classroom is unlikely to be randomly assigned conditional on usually observed factors, leading to bias in cross-sectional estimates from selection and omitted variables. For example, schools in richer areas might find it easier to attract money from parents or local firms for new computer equipment, students with specific abilities may select into schools and classrooms that use computers, and teachers may choose to use computers only with high-performing classes. Given limits to being able to observe all relevant family-background, ability, and other inputs in the education production function, computer use is unlikely to be exogenous in the model. As a consequence, the student-specific error term μ i is likely to be correlated with classroom computer use, precluding causal interpretation of cross-sectional estimates.
Within-Student Between-Subject Identification: Correlated Random Effects Model
To avoid such sources of bias from nonrandom selection of students into specific schools or classrooms, we identify from the between-subject variation in computer use and achievement 13 Our experience from visiting a leading German school in extensive computer use is that in every subject teachers and students use computers slightly differently. In math, for example, many teachers in Germany use a specific software package that allows students to graphically explore different fields of geometry, algebra, calculus, and statistics. In science, students are more likely to use the Internet for research on specific topics and to work on projects with other students. 12 within each student available in our data. This approach builds on other recent studies that similarly exploit such within-student between-subject variation to hold subject-invariant unobserved school and student characteristics constant when identifying effects of other teacher and teaching characteristics (e.g., Dee 2005 Dee , 2007 Clotfelter, Ladd and Vigdor, 2010; Schwerdt and Wuppermann, 2011; Lavy, 2014) . However, their student fixed effects models assume that the treatment effect is the same across subjects.
To be able to identify the kind of subject-specific effects discussed above, we estimate a correlated random effects model that generalizes the fixed effects model to subject-specific effects (see Metzler and Woessmann, 2013) . In particular, as suggested by Chamberlain (1982), we model the correlation that might exist between the student-specific error component μ i and all observed input factors in the two subject-specific equations (2) in a very general way:
where by construction the residual ω i is uncorrelated with the observed variables in T i , X i , and S i . Note that we allow the parameters η and χ to take different values in the two subjects.
Substituting equation (3) into the subject-specific equations (2) we obtain:
where -s refers to the respective other subject (i.e., science in the math equation and vice versa) and i si si
. Note that all subject-specific controls enter both the equation for math and the equation for science. That is, math achievement is regressed on computer use in math and on computer use in science (equivalently for science achievement), so that science computer use is held constant when estimating the coefficient on math computer use (and vice versa).
As is evident from equations (4) That is, the effect of interest in math can be estimated by the difference between the coefficient on math computer use in the math equation and the coefficient on math computer use in the science equation (and vice versa for science).
Note that this correlated random effects model nests the more traditional fixed-effects model as a special case (see Ashenfelter and Zimmerman, 1997) . To see this, assume β m = β n and η m = η n (as well as γ m = γ n and χ m = χ n ), which are the identifying assumptions implicit in the fixed-effects model. Applying these assumptions to equations (4) and taking the difference of the two subject-specific equations, we obtain
where Δ refers to the between-subject difference in each variable and
. This is the well-known first-difference representation of the traditional fixed-effects model.
In our correlated random effects model, we can test the identifying assumptions implicit in the fixed-effects model. In particular, given equation (5)   provides a test of η m = η n . As these assumptions are generally rejected in our empirical application -in particular, computer use often tends to have subject-specific effects -we generally stick with the more general correlated random effects model and show results of a traditional fixed-effects model only in passing.
Teacher Characteristics, Teaching Methods, and Within-Teacher Identification
A remaining potential concern with equations (4) is that other achievement-relevant teacher characteristics might be correlated with the use of computers in the classroom. For example, if young teachers were both more likely to use computers and more motivated, estimating the model without taking teacher age into account would lead to omitted variable bias. The same would be true if teachers who use computers in the classroom generally assigned more homework. To mitigate such potential bias, we make use of the rich subject-specific teacher information available in the TIMSS data (see Table A3 in the appendix) to control extensively for teacher characteristics and teaching methods in the school input vector S.
Note that it is unclear to what extent this vector should include controls for teaching methods. To the extent that, for example, relating lessons to students' daily lives -one teaching-method control available in TIMSS -is a feature that a computer-using teacher would 14 have also employed without the availability of computers, it should be held constant in the model. To the extent, however, that using computers facilitates relating lessons to students' daily lives, this teaching practice reflects a channel of the computer-use effect that should not be held constant in the model.
Going beyond controlling for teacher characteristics, we can exploit the fact that most primary-school students are taught by the same teacher in math and in science. By restricting the 4 th -grade sample to students for which this is the case, τ t effectively drops out of equations (4) and the estimates are no longer biased by subject-invariant teacher traits. In addition, we can condition on any observed difference in teaching methods of the same teacher in the two subjects. Comparing results from the same-teacher sample to the full sample will provide an indication of the relevance of remaining unobserved teacher effects in our model.
Eighth-Grade Results
Cross-Sectional Regressions
As a benchmark for previous studies, we start with conventional cross-sectional regressions, estimated separately in math and in science. Table 2 shows But this overall association hides significant differences between different uses of computers: In the specification with separate measures of computer use, achievement is significantly positively associated with the intensity of using computers to process and analyze data, but negatively with using computers to practice skills and procedures (although losing significance in science once teacher controls are included), and not significantly with using computers to look up ideas and information.
This pattern does not change much with the specific set of control variables included in the models. The models in the first two columns control just for basic controls which include student characteristics such as gender, age, and migration status; family-background 15 characteristics such as parental education, books at home, and language spoken at home; and school characteristics such as neighborhood location and material endowment (see Table A3 in the appendix for a complete list of control variables). The models in columns 3 and 4 add teacher controls which include both classroom characteristics such as class size, instruction time, and class composition and teacher characteristics such as gender, age, education, professional development, job satisfaction, and interaction with other teachers. Note that the baseline controls also include measures of computer proficiency of students and teachers, namely whether students have computers and Internet connections at home and how often they use computers at home, as well as whether the teacher participated in professional development in integrating information technology into math or science, respectively, in the past two years.
The models in columns 5 and 6 add teaching-method controls such as frequency of discussing and correcting homework, use of textbooks, means of monitoring progress, use of questioning to elicit explanations, and relation of lessons to daily life.
In the final columns of Table 2 , the same two subject-specific equations are estimated by seemingly unrelated regressions (SUR), which in the case where error terms are correlated across the equations -for example, because of a student having a bad testing day -yields more efficient estimators. Note that the teacher controls vary across subjects if a student has different teachers in the two subjects, and the teaching-method controls are subject-specific throughout.
The main difference to the OLS models is that the coefficient on using computers to look up ideas and information becomes significantly positive in science. Still, for the reasons discussed above, the OLS and SUR coefficients are likely to suffer from selection bias.
Correlated Random Effects Models
To circumvent bias from the non-random selection of students into schools and classes with different computer uses, we identify the effect of computer use on student achievement from within-student between-subject variation in computer use. In Table 3 , we start with the traditional fixed effects model of equation (6). Quite independent of the different sets of controls included in the model, results suggest that using classroom computers to look up ideas and information has a positive effect on student achievement, whereas using classroom computers to practice skills and procedures has a negative effect. Using classroom computers to process and analyze data does not have a significant effect. In the conventional fixed effects model, the combined effect of computer use indicates a very small positive effect. Note that this pattern of results differs markedly from the cross-sectional estimates, highlighting the importance of addressing selection issues. Table 4 reports results of the correlated random effects models of equations (4) that relax the assumption that effects are the same in both subjects. It shows the estimated effects of computer use on student achievement β s in each subject implied in this model as given by equations (5). From the pertinent χ 2 tests, it becomes evident that the significant results are restricted to science, whereas results do not reach statistical significance in math. In fact, the table also shows that the difference in the estimated β coefficients between math and science is statistically significant in most cases, indicating that the effects of computer use in the classroom can be subject-specific. Similarly, some of the estimated selection terms η differ significantly between the two subjects. 17 This speaks against the assumption of subjectinvariant effects implicit in traditional fixed effects model.
Consistent with the opposing effects of different computer uses in science, the combined effect of computer use does not differ significantly from zero in the correlated random effects models (except for a negative effect in math with basic and teacher controls, but no teachingmethod controls). Such null effects are in line with most findings in the literature. Together with the use-specific results, this suggests that by averaging over different computer uses, the literature so far may have missed important effects of using computers in specific applications.
In terms of effect size, the estimates suggest that a one-standard-deviation increase in the intensity of using classroom computers to look up ideas and information increases science achievement by 3.3-4.1 percent of a standard deviation (depending on whether teaching methods are controlled for or not), whereas a one-standard-deviation increase in the intensity of using classroom computers to practice skills and procedures reduces science achievement by 2.0-3.1 percent of a standard deviation. Put differently, going from no computer use at all to daily use of computers in the classroom increases science achievement by 10-13 percent of a standard deviation if used for looking up ideas and information, but decreases science achievement by 7-11 percent of a standard deviation if used to practice skills and procedures.
A possible source of remaining bias in the between-subject identification would be if teachers who use computers differently also differ in other characteristics and behaviors that are relevant for student outcomes. If this was a main issue, results should differ by whether the particularly rich set of controls for teacher characteristics and teaching methods available in the TIMSS data are included in the model or not. However, as is evident from a comparison of columns 2 and 3 of Table 4 , qualitative results are unaffected by their inclusion, and they also do not substantially affect the magnitude of the estimated effects of computer use. This pattern suggests that substantial remaining bias in the between-subject model is unlikely.
Whether or not one should control for teaching methods in our model is in fact an open question. To the extent that features such as encouraging students to improve performance, using a workbook as the basis for instruction, monitoring completed homework, or emphasizing tests for progress monitoring capture differences across teachers that are exogenous to computer use, they should be held constant. But if they are endogenous to computer use in that their application is facilitated by using computers, they are an outcome of computer use and thus constitute a channel of the computer-use effect that should not be held constant. In the end, though, controlling for teaching methods makes relatively little difference for the substantive results. We thus use the more conservative model that includes teaching-method controls as our baseline model in the remainder of the paper.
Results also do not depend on the linearized version of the computer-use variables. For example, one may argue that in terms of achievement effects, using a computer almost never or at most twice a month are not very different from not having a computer available at all. Thus, computer use could alternatively be measured by an indicator of using computers at least once per week for the respective activity. With such a measure, both the positive effect of using computers to look up ideas and information and the negative effect of using computers to practice skills and procedures emerge just as in our main specification (see Table A4 in the appendix). Similarly, results show for an indicator of using computers at least once per month.
Fourth-Grade Results
Full Sample
We have focused our main analysis on the 8 th -grade sample where computer use might be expected to be more mature and systematic. Still, computer use is quite common also in primary school. In fact, 39 percent of 4 th -graders in the TIMSS dataset have a computer available in their math classroom and 45 percent in science (see Table 1 ). That is, computer availability in the 4 th -grade TIMSS sample is not very different from 8 th grade. 18 Similarly, the different intensities to which computers are used do not differ markedly between 4 th and 8 th grade. In 4 th grade, computer use to look up ideas and information is most intensive in science (39 percent use at least once a month vs. 25 percent in math), whereas computer use to practice skills and 18 procedures is most intensive in math (32 percent vs. 30 percent in science). Thus, in math computers are in fact most often used to practice skills and procedures, whereas in science they are most often used to look up ideas and information. Again, there is substantial variation in computer use across countries, as well as within students across subjects (see Table A5 ). Table 5 shows the results of our correlated random effects models that identify the effect of computer use on student achievement from within-student between-subject variation in 4 th grade. The general pattern of findings is the same as in 8 th grade: Student achievement increases with the use of computers to look up ideas and information but decreases with the use of computers to practice skills and procedures. Irrespective of whether teacher and teaching-methods are controlled for or not, 19 the negative effect of using computers to practice skills and procedures is significant in both subjects, whereas the positive effect of using computers to look up ideas and information is significant only in math. In the full sample, the specific computer use effects do not differ significantly across the two subjects. Thus, when restricting the effects to be the same across subjects, both the positive effect of using computers to look up ideas and information and the negative effect of using computers to practice skills and procedures clearly come out in the fixed effects model shown in Table 3 .
In the correlated random effects models, the combined effect of computer use in 4 th grade is insignificantly positive in math, but significantly negative in science. In the fixed effects model, the negative effect tends to dominate, reaching marginal significance in the model with teaching-method controls. However, the between-subject difference of the combined effect is statistically significant, speaking against the restrictions implied by the fixed effects model.
While the general pattern of opposing effects of different computer uses is the same in the two grades, note that there are also interesting grade specifics: In 8 th grade, the significant effects are restricted to science rather than math. By contrast, in 4 th grade they are most pronounced in math. One possible explanation for this pattern is that the subject matters taught in math in 4 th grade have a larger explorative component than in 8 th grade, so that the use of computers to look up ideas and information yields stronger positive effects in the earlier grade.
The effect sizes suggest that in 4 th grade, a one-standard-deviation increase in the intensity of computer use to look up ideas and information increases student achievement by 1.9-2.3 percent of a standard deviation (depending on the included controls) in math (and an insignificant 0.8-1.0 percent in science). By contrast, a one-standard-deviation increase in the intensity of computer use to practice skills and procedures decreases achievement by 1.2-1.9 19 See Table A6 in the appendix for descriptive statistics of the control variables in 4 th grade.
19 percent of a standard deviation in math and by 2.3-2.8 percent in science. Put differently, going from no to daily computer use raises math achievement by 7-8 percent of a standard deviation when used to look up ideas and information but lowers it by 4-6 percent of a standard deviation when used to practice skills and procedures (8-10 percent in science). Overall, effect sizes are somewhat smaller in 4 th grade than in 8 th grade.
Same-Teacher Sample: Identification from Within-Teacher Variation
A particular advantage of the 4 th -grade sample is that -in contrast to the 8 th -grade samplemany elementary-school students are taught by the same teacher in math and science. In fact, 65 percent of students in the TIMSS 4 th -grade sample have the same teacher in both subjects.
Restricting the analysis to these students allows us to estimate the same model in a withinteacher specification. In this specification, estimates of computer use cannot be biased by any unobserved subject-invariant teacher characteristics or selection of teachers into classrooms.
Results in the right-hand panel of Table 5 indicate that the general pattern of results is very similar in this same-teacher sample. While the effect of using computers to practice skills and procedures loses significance in science, in math both the positive effect of using computers to look up ideas and information and the negative effect of using computers to practice skills and procedures get stronger when the sample is restricted to students taught by the same teacher in the two subjects. The combined effect of computer use is significantly positive in math and insignificant in science in the same-teacher sample. Most of the estimated effects in this sample differ significantly between the two subjects.
The fact that qualitative results do not differ between the full-sample model and the same-teacher model indicates that the former are not driven by unobserved subject-invariant characteristics of teachers. Furthermore, results of the same-teacher specification are quite impervious to conditioning on subject-specific teaching methods, increasing confidence that the estimates are not substantively biased by subject-specific features of teaching methods.
Heterogeneity in the Effects of Computer Use
Effects for Different Student Subgroups
It is often argued that the effects of using computers may be different depending on students' gender, achievement level, socioeconomic status, or computer familiarity. For example, on the one hand the use of computers might make it easier to adjust the level of difficulty and learning speed to the capabilities of disadvantaged students (in terms of ability or SES) and to repeat learning materials as needed. On the other hand, the use of computers might 20 require complementary skills such as basic cognitive knowledge or critical thinking, as well as proactivity, self-discipline, and autonomy which might be less pronounced among disadvantaged students. Furthermore, one might expect that students who are already familiar with using computers might be better equipped to benefit from computer use in the classroom.
To test such effect heterogeneity, we divide the sample in two subsamples along each of the four dimensions gender, achievement level, socioeconomic status, and computer familiarity.
We measure students' achievement levels by the average of their math and science test score (note that identification in our model comes just from the between-subject difference in achievement). The number of books in the students' home lends itself as a measure of socioeconomic background in a cross-country setting. Computer familiarity is captured by the frequency with which students use computers at home. For each of these measures, we subdivide the sample by whether a student is above/at or below the median within his or her country. 20 We perform the subsample analyses both in 8 th grade and in 4 th grade, where we stick to the same-teacher sample. Table 6 reports results separately by gender. As is evident, there is not much heterogeneity in the effects of various computer uses along this dimension: Both girls and boys benefit from the use of computers to look up ideas and information and suffer from the use of computers to practice skills and procedures, and the effect is restricted to science in 8 th grade and to math in 4 th grade. While the negative effect of using computers for practicing skills and procedures is shy of statistical significance for boys in 8 th grade, the 8 th -grade male effects are actually larger and highly significant when the sample is restricted to OECD countries (not shown).
The same pattern of opposite use-specific effects of classroom computers also emerges in both subsamples of students achieving above and below their respective country medians (Table 7 ). In 8 th grade, the negative effect of using computers to practice skills and procedures does not reach statistical significance for high-achieving students. However, the high-achieving students suffer significantly from using computers to process and analyze data more frequently, which is not true for low-achieving students. In 4 th grade, both effects are larger for high-achieving than for low-achieving students, and the negative effect of using computers to practice skills and procedures is small and statistically insignificant for low-achieving students. Table 8 reports results for subsamples of students by socioeconomic background. In both grades, the effects tend to be stronger for students with high socioeconomic background than 21 for students with low socioeconomic background. While the effects for students with relatively few books at home are shy of statistical significance in the 8 th -grade sample of all participating countries, these effects are in fact statistically significant in the 8 th -grade sample of OECD countries (not shown). Thus, while both positive and negative effects of the different computer uses also exist for low-SES students, both tend to be smaller than for high-SES students.
Interestingly, though, the estimated effects do not differ markedly by whether students regularly use a computer at home or not (see Table A7 in the appendix). Thus, computer use at home does not appear to be a crucial prerequisite for profiting -or suffering -from the respective computer uses in the classroom.
Overall, when looking at effect heterogeneity for students by gender, achievement level, family background, and computer familiarity, consistent differences appear to exist only along the family-background dimension. While computer use affects achievement of students with both high and low socioeconomic status, effects tend to be larger for high-SES students. 21
Effects in Different Country Subgroups
The effects of computer use may also be expected to differ across countries. As argued in our conceptual framework, effects may be less pronounced in developing countries because of overall lower levels of effectiveness in teaching. In addition, effects may depend on the availability of instructional material for computer-assisted instruction or on the pervasiveness of Internet access and use in a country. To test for heterogeneous effects across countries, we subdivide our country sample into OECD and non-OECD countries, as well as countries above (or equal) and below the sample median of GNP per capita and of other country features. Table 9 presents results by countries' level of development. In both 8 th and 4 th grade, both the positive effect of using computers to look up ideas and information and the negative effect of using computers to practice skills and procedures are confined to the sample of OECD countries. In the non-OECD countries, only the positive effect of using computers to look up ideas and information in 4 th grade reaches marginal significance. Similarly, in 8 th grade the significant effects are fully confined to the subsample of countries with above-median per-capita GNP (see Table A8 in the appendix). Only in 4 th grade are the effects significant in both subsamples of above-median and below-median per-capita GNP, despite the fact that the median GNP is the same in both grade samples.
When dividing the sample by other country features, we do not find clear patterns of additional effect heterogeneity (not shown). This is true when subdividing the sample by the availability of broadband subscriptions and of Internet use in a country, as well as by the size of the country population or by the world population that speaks a country's main language. The first two measures are meant to proxy for the Internet familiarity of the country's population, the other two measures for the size of the market and thus the availability of appropriate software and digital teaching materials. The general absence of differences in the effects of computer use along these lines is consistent with the lack of heterogeneity by individual computer use at home that we found above. This is despite the fact that most of these features are clearly correlated with the frequency of computer use in schools across countries in the TIMSS data. We also explored subsamples by other country characteristics, including educational spending, the per-capita number of computers, age structure, and average use of computers in schools, not finding any clear pattern of additional country heterogeneity.
Overall, both positive and negative effects of different kinds of computer use seem to be confined to more developed countries, in particular in 8 th grade. By contrast, computer use does not exert strong effects in less developed countries. There are no obvious other patterns of country heterogeneity.
Conclusion
In the public debate as well as in the policy arena, there is considerable enthusiasm about the potential of using new technologies in classrooms. While the production process of most goods has changed dramatically over the past century, until recently the physical appearance of classrooms has not changed much since chalkboards were introduced in Prussian classrooms in the late 18 th century (Konrad, 2007) . However, the arrival of computers, tablets, and the Internet has challenged many traditional teaching practices and is supposed to change the educational production technology in schools dramatically. Following the call of such big hopes, policymakers and educators all over the world rush to bring computers into every classroom.
Such enthusiasm and costly investment is hard to reconcile with the available evidence that computer use in schools has little if any effect on student achievement.
We suggest that the overall null effect of using computers in schools is a combination of relatively productive and unproductive uses of computers. Depending on the opportunity cost of the time used in computer-assisted instruction -whether it replaces less or more productive traditional uses of teaching time -computer use can have a positive or negative net effect on what students learn. Specifically, our empirical results suggest that classroom computers are 23 beneficial to student achievement when used to look up ideas and information but detrimental when used to practice skills and procedures. These opposite effects of different computer use activities offset each other, with a combined effect of computer use in schools that is generally close to zero. In 8 th grade, the opposing use-specific effects are most pronounced in science, whereas in 4 th grade they are most pronounced in math. Effects prove quite general across different subgroups of students including students with little computer experience at home, although they are somewhat smaller for students from low socioeconomic background. Effects are mostly confined to developed countries, whereas we find little evidence for significant (positive or negative) effects of computer use in less developed countries. Our empirical model identifies these effects of computer use from within-student between-subject variation.
Our findings emphasize that in evaluating any educational innovation, it is important to consider its costs. An important part of these costs is the opportunity cost of classroom time that a specific intervention takes up. Using computers for activities that do not improve student learning takes away time from activities that are potentially more effective to this end. This is true for the use of computers compared to other teaching methods such as traditional lecture-style teaching or individual learning, but also for more and less effective activities on the computer. For example, while we do not find any significant effect of using computers to process and analyze data, using the same classroom time to use computers to look up ideas and information would improve overall outcomes according to our estimates.
Beyond the opportunity cost of time, equipping classrooms with computers, software, and broadband infrastructure, maintaining these facilities and keeping them up to date, and training teachers to use them also entails substantial financial costs (which likely vary across countries, complicating cost-benefit analyses). Thus, while we find that using computers to look up ideas and information would improve student achievement, maximum effect sizes of 10-13 percent of a standard deviation are moderate enough to raise cost effectiveness concerns relative to other educational interventions. At the same time, our evidence is confined to effects of computer use on student achievement in math and science. To the extent that computer use in schools furthers other valued outcomes such as the acquisition of computer skills, such additional benefits must be taken into account in an overall cost-benefit assessment of computer-assisted classroom instruction. In any case, our results suggest a clear focus on the specific types of activities to which computers are put to use. Samples of 8 th -grade and 4 th -grade students, respectively, in TIMSS 2011. (1)-(2): Mean and standard deviation of computer use for the respective activity in the respective subject (0 = no computer available, 1 = never or almost never, 2 = once or twice a month, 3 = once or twice a week, 4 = every or almost every day).
(3)-(7): Share of students in the respective category of computer use. Observations: 155,948 students in 8 th grade and 245,482 students in 4 th grade.
Computer use intensity Separate categories of computer use Table A3 in the appendix for lists of control variables. Robust standard errors adjusted for clustering at the classroom level in parentheses. Significance levels: * 10%, ** 5%, *** 1%.
(1)
(2) (3) (4) (5) (6)
Specific computer uses
Look up ideas and information 0.0519*** 0.0467*** 0.0403*** -0.0010 0.0133*** 0.0150*** (0.0079) (0.0079) (0.0082) (0.0037) (0.0039) (0.0039) Practice skills and procedures -0.0432*** -0.0415*** -0.0382*** -0.0058* -0.0166*** -0.0201*** (0.0091) (0.0090) (0.0089) (0.0035) (0.0037) (0.0038) Process and analyze data -0.0001 0.0018 0.0029 (0.0097) (0.0095) (0.0092)
Combined computer use
Combined computer use 0.0132*** 0.0109*** 0.0079** -0.008** -0. Dependent variable: TIMSS student test score in math and science, respectively. Grade and student subsample indicated by headers. Top and bottom panel in each column report separate estimations. Correlated random effects models estimated by seemingly unrelated regressions (SUR). Implied β represents the effect of the respective computer use category implied in the correlated random effects model, estimated according to equation (5). Regressions weighted by students' sampling probability. See Tables A3 and A5 in the appendix for lists of control variables. χ 2 statistics adjusted for clustering at the classroom level in brackets. Significance levels: * 10%, ** 5%, *** 1%. Dependent variable: TIMSS student test score in math and science, respectively. Grade and student subsample indicated by headers. Subsamples refer to students above/at vs. below median achievement within each country. Top and bottom panel in each column report separate estimations. Correlated random effects models estimated by seemingly unrelated regressions (SUR). Implied β represents the effect of the respective computer use category implied in the correlated random effects model, estimated according to equation (5). Regressions weighted by students' sampling probability. See Tables A3 and A5 in the appendix for lists of control variables. χ 2 statistics adjusted for clustering at the classroom level in brackets. Significance levels: * 10%, ** 5%, *** 1%. Sample of 8 th -grade students in TIMSS 2011. Columns (1)-(4) refer to average of math and science. (1): Share of students who have a computer available in the class to use during their lesson.
(2)-(4): Mean of computer use for the respective activity (0 = no computer available, 1 = never or almost never, 2 = once or twice a month, 3 = once or twice a week, 4 = every or almost every day). (5): Share of students with difference in computer use between math and science (average of the three use categories). (6)- (7): Mean of TIMSS score in the subject. (8): Number of student observations. Dependent variable: TIMSS student test score in math and science, respectively. Correlated random effects models estimated by seemingly unrelated regressions (SUR). Implied β represents the effect of the respective computer use category implied in the correltaed random effects model, estimated according to equation (5). Regressions weighted by students' sampling probability. See Table A3 in the appendix for lists of control variables. χ 2 statistics adjusted for clustering at the classroom level in brackets. Significance levels: * 10%, ** 5%, *** 1%. Sample of 4 th -grade students in TIMSS 2011. Columns (1)-(7) refer to full estimation sample. Columns (1)-(3) refer to average of math and science. (1): Share of students who have a computer available in the class to use during their lesson. (2)-(3): Mean of computer use for the respective activity (0 = no computer available, 1 = never or almost never, 2 = once or twice a month, 3 = once or twice a week, 4 = every or almost every day). (4): Share of students with difference in computer use between math and science (average of the two use categories). Dependent variable: TIMSS student test score in math and science, respectively. Grade and student subsample indicated by headers. Subsamples refer to students above/at vs. below median computer use at home within each country. Top and bottom panel in each column report separate estimations. Correlated random effects models estimated by seemingly unrelated regressions (SUR). Implied β represents the effect of the respective computer use category implied in the correlated random effects model, estimated according to equation (5). Regressions weighted by students' sampling probability. See Tables A3 and A5 in the appendix for lists of control variables. χ 2 statistics adjusted for clustering at the classroom level in brackets. Significance levels: * 10%, ** 5%, *** 1%. (1) (2) (3) (4) 0.0295*** 0.0357*** Dependent variable: TIMSS student test score in math and science, respectively. Grade and country subsample indicated by headers. Subsamples refer to countries above/at vs. below sample median of GNP per capita. Top and bottom panel in each column report separate estimations. Correlated random effects models estimated by seemingly unrelated regressions (SUR). Implied β represents the effect of the respective computer use category implied in the correlated random effects model, estimated according to equation (5). Regressions weighted by students' sampling probability. See Tables A3 and A5 in the appendix for lists of control variables. χ 2 statistics adjusted for clustering at the classroom level in brackets. Significance levels: * 10%, ** 5%, *** 1%. 
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